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Abstract 
Proving the effectiveness of an idea generation method is key to its acceptance in an industrial and academic 
environment. This necessitates the development of a set of widely accepted metrics covering the different aspects on which 
idea generation methods can be characterized. This paper gives an overview of the existing metrics, and demonstrates 
a number of shortcomings in the variety metric, such as not accounting for the fairness of the distribution of ideas 
over nodes on an abstraction level. A level-based, correctly normalized variety metric, based on the Shannon entropy, is 
proposed which is shown to resolve the identified issues. 
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1. Introduction 
Common belief is that early design decisions determine up to 70% of the total product cost [1], and 
although the exact figure is disputed [2,3], it can be assumed that the first phases of the engineering design 
process correlate strongly with the total product cost. It is therefore paramount to, on the one hand, further 
develop tools and methods for the fuzzy front end, and on the other hand, determine which methods are 
appropriate for which tasks taking into account the circumstances, e.g. number of people in the idea 
generation group. 
Both of the above goals necessitate the development and further refinement of metrics to systematically and 
replicable determine the effectiveness of ideation methods. Existing methods to evaluate idea generation tools 
can be broadly grouped in two categories: process- and outcome-based evaluation methods [4][5]. In a 
process-based approach, the occurrence of the creative cognitive processes are observed, e.g. videotaping 
“thinking aloud” sessions. This approach is considered subjective and time- consuming, and does not provide a 
systematic method to register a relationship between the occurrence of a cognitive process and the effectiveness 
of an idea generation tool [5]. For these reasons, the prevalent approach is currently outcome-based, in which 
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the generated ideas are evaluated rather than the occurrence of specific cognitive processes. Hence, metrics 
are applied to the generated idea or set of ideas, and the resulting features of the generated ideas are related 
back to the effectiveness of the applied idea generation method. 
This research proposes refinements to one of these existing metrics, the variety metric, in order to allow a 
more detailed analysis of the explored design space at each abstraction level, and to more closely resemble the 
human perception of the idea space variety. 
This paper is structured as follows. Section 2 and Section 3 offer, respectively a short overview of the 
existing idea evaluation metrics, and a detailed coverage of the existing variety metrics. Section 4 
identifies the problems with the current variety metrics, and proposes refinements to the variety metric. Section 
5 introduces a software tool, called mIDGenes, to catalyse the further development of the existing metrics. The 
section thereafter formulates the conclusions. 
2. Related Research 
2.1. Definitions 
Throughout this paper, a concept refers a coherent solution which can be represented in sketches or 
wordings by the designer, e.g. a sketch of a new type of razor. A concept can also be understood as a set of 
ideas on different abstraction levels and their relationships. It follows that an idea is the representation of a 
concept at a certain level of abstraction. A common set of recognized abstraction levels, also used in this 
research, are the physical principle, the working principle, the embodiment and the detail level [4,6]. A 
generated concept of a motor could for instance exist of the ideas “electromagnetism” at the physical principle 
level, “coils for attracting and repelling permanent magnets” at a working principle level, a schematic or 
description of the placement of the coils and permanent magnets on the shaft and casing at the embodiment 
level, and a detailed drawing or description of the parts and assembly at the detail level. 
2.2. Existing Metrics 
Since the terminology for the existing metrics is inconsistently applied among researchers [7], Fig 1 gives 
an overview of the existing ideation effectiveness metrics, and is meant as a high-level guideline to map and 
compare metrics between different studies. It is based on previous research by Dean et al. [7]. However, in 
contrast to Dean et al., an additional metric, the variety metric, is included, and the novelty metric is not part of 
the quality metric. Fig 1 is consistent with Shah et al. [5], proposing the quantity, variety, novelty and quality 
metrics to measure two criteria, being the effectiveness of the method in design space expansion and the 
effectiveness of the method in design space exploration. The paragraphs below overview the quantity, novelty 
and quality metrics, while Section 3 provides a more in-depth analysis of the variety metric. 
Quantity is defined as the total number of generated unique ideas by a group or person. As reflected by the 
brainstorming mantra “Quantity breeds Quality” [8], it is believed that generating several ideas increases 
the chance of occurrence of a good idea. Different protocols for determining the quantity of concepts were 
developed [7,9,10] in the domain of ideation method evaluation. 
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Fig. 1. Overview of ideation effectiveness metrics 
Quality is an encompassing metric with sub-dimensions workability, relevance, specificity, and novelty 
[7]. Other research [4,6,11,12,13] has treated the novelty metric as a separate dimension. This categorization, 
also depicted in Fig 1, seems to be preferred in the domain of ideation method evaluation. 
In some studies, quality is defined as the technical feasibility of an idea and how well it meets the design 
specifications [4]. Due to the inherent subjectiveness, the latter is however also often disregarded in idea 
generation method research [6]. In these studies, quality is synonymous for technical feasibility or 
implementability, which can be coded through a more clearly defined scale [6]. 
Novelty, as stated above, can be regarded as a measure in its own right. It is further subdivided in 
originality and paradigm relatedness. The former expresses the degree to which an idea is not only rare, but is 
also ingenious, imaginative, or surprising, while the latter expresses the degree to which an idea is radical or 
transformational. Since rarity can easily be quantified, e.g. inverse frequency, it is often regarded as a 
substitute for originality or novelty as a whole. A very novel idea typically expands the design space. 
3. Existing Variety Metrics 
The variety metric measures how broad the design space was explored. The underlying rationale being that a 
low variety, caused by the generation of closely related ideas, decreases the chance of finding “good” ideas 
in other areas of the design space. 
3.1. Variety Proposed by Shah et al. 
Shah et al. [4] proposed the variety as a formal measure of the explored concept space during idea 
generation. This metric is applied to an encoded tree-like structure of the idea space, and gives higher weights 
to differentiation occurring in higher abstraction levels. Fig 2 provides an example of a tree encoded idea 
space with 6 concepts each detailed by one idea at the working principle level and grouped into two distinct 
ideas at the physical principle level. Except for the root node, each node in the tree represents an idea, while 
the dotted ellipse exemplifies a concept as the combination of a chain of ideas from consecutive levels. 
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Fig. 2. Example tree encoded idea space 
Here introduce the paper, and put a nomenclature if necessary, in a box with the same font size as the rest of the 
paper. The paragraphs continue from here and are only separated by headings, subheadings, images and formulae. 
The section headings are arranged by numbers, bold and 10 pt. Here follows further instructions for authors. 
 
Based on a tree encoded idea space, the variety, according to Shah, is calculated from 
 
where V is the variety score; m is the number of different functions to improve; fj is the weight assigned to a 
certain function indicating its importance; Sk is the weight for level k (Shah et al. propose 10, 6, 3, and 1 as 
weights for respectively the physical principle, the working principle, the embodiment and the detail level); bk 
is the number of nodes at level k; Vmax is the maximum variety score obtainable. The score obtained after 
summation over all functions is multiplied by 10 which scales the metric from zero to 10. According to Shah 
et al., Vmax is the variety score for the case that all ideas use different physical principles, and hence equals 
the number of concepts multiplied by the weight for the physical principle level. This allows to simplify 
Equation (1) as 
 
 
where  n   is  the  number  of   concepts.  For   the   example   in   Fig  2,  the   Equation   (2)   results to 
(10*2/6)+(6*6/6)=9.33. Because higher abstraction levels are given higher weights, differentiation  at 
higher abstraction levels leads to a higher variety score compared to the same differentiation at lower 
abstraction levels. 
3.2. Variety refinements proposed by Nelson 
Later research by Nelson et al. [14] argue against averaging the variety metric per concept, which was, 
according to Nelson et al., initially proposed by Shah et al. The variety as defined by Shah et al. should, 
however, be interpreted as a metric for the shape of the idea space tree, and hence not as an average variety. 
A low variety is indicative of a slim tree, while a high variety indicates a wider tree, especially at higher 
abstraction levels. This interpretation of the variety metric is clear from Equation (1). Possibly, the erroneous 
average interpretation has its origins in Equation (2), in which the denominator equals the number of nodes. 
However, the latter equation should not be used as a basis for any derivation, since Vmax does not always equal 
the number of ideas multiplied by the weight for the physical principle level in Equation (1). 
This normalization flaw is easily illustrated by an example calculation [14]. Calculating the variety according 
to Equation (2) results in 10.67 and 10 for respectively the tree encoded idea set (a) and set (b) in Fig 3. 
Following the definition of the variety, it is clear that concept set (b) indeed demonstrates the maximum 
variety, while applying Equation (2) should result in a variety lower than 10 for concept set (a). 
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Fig. 3. Examples of tree encoded idea spaces supporting refinements to the variety metric 
The above normalization flaw also lies at the origin of another refinement to the variety metric. Nelson 
attributes the incorrect calculation of the variety of idea set (a) in Fig 3 to the double-counting of ideas at each 




where  dl   is  the  number  of  differentiations  at  node  l,  which  is  also  equal  to  the  number  of  branches 
emanating  from  node  l  minus  1.  N-1  is  the  maximum  number  of  differentiations,  and  normalizes  the metric 
from zero to 10. 
From Equation (1), it can indeed be derived that ideas are double-counted. However, the double- 
counting of ideas in a metric, in itself does not constitute a problem. It is more correct to attribute the fact that the 
variety of concept set (a) exceeds 10 to the incorrect normalization in Equation (2). If the normalization 
step in Equation (1) correctly takes into account the double-counting of ideas, the variety for idea set (a) in Fig 
3 could become, for instance, (2*10+2*6)/4=8 instead of (2*10+1*6)/3=8,67, as proposed by Nelson. From 
the example, it is clear that both the nominator and denominator in Equation 
(1) should be based on the same number of ideas (or concepts). This can be solved by changing the 
nominator, as proposed by Nelson, or the denominator, as proposed above. 
However, taking into account the definitions of a concept and an idea, see Section 2.1, it can be argued that 
the refinement concerning the double-counting of ideas by Nelson et al. changes the idea space variety as 
proposed by Shah et al. to a concept space variety. Equation (3) shows that Nelson’s variety is indeed a concept 
space variety as the number of differentiations is calculated per node, and not per level. The distinction between 
idea space variety and concept space variety is an important contribution made explicit by Srinivasan and 
Chakrabarti [13]. 
Nelson also proposes 10, 5, 2, and 1 as a different set of weights Sk, based on the underlying reasoning that at 
least two ideas at a lower hierarchical level should be added to equal the variety gained from adding an idea 
at a higher hierarchical level. However, it is argued that these weights, as well as the underlying reasoning, 
are arbitrarily defined and should be derived from testing on synthetic and real-life examples. Srinivasan and 
Chakrabarti [13] also propose another set of weights based on the SAPPhIRE model, but explicitly state that 
these are arbitrarily defined. 
3.3. Variety refinements proposed by Chakrabarti 
Srinivasan and Chakrabarti [13] explicitly make a distinction between the idea space variety and the concept 
space variety. The idea space variety is calculated using the following formula 
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where V(IS) is the idea space variety score; nj is the number of ideas at a level j; wj is the weights assigned to 
level j; and the summation account for all abstraction levels of the SAPPhIRE model. As stated above, wj represents 
a set of weights arbitrarily set to 7, 6, 5, 4, 3, 2, and 1, for respectively the action, state change, input, phenomenon, 
effect, organ and part abstraction levels. V(IS) is clearly an idea space variety since Equation (4) does not take into 
account the relationships between the ideas at different levels. This in contrast to Equation (3), in which dl is defined 
as the number of differentiations emanating from node l. 
Srinivasan and Chakrabarti [13] define the concept space variety as the average of the variety of all concepts. The 
variety of a concept is calculated in the following manner: 
The first concept has a variety score of zero 
The second concept is compared to the first. The idea at the highest abstraction level which discriminates the 
second concept from the first is identified. The weight of this abstraction level determines the variety of the second 
concept. 
In general, the nth concept is compared to all previous concepts, identifying the idea at the highest 
abstraction level which differentiates this concept from the n-1 previous ones. The weight of this abstraction level 
is the variety score of the nth concept. 
It follows that the variety of a concept depends on the order in which the concepts are picked, e.g. the first concept 
always has zero variety. Although not made explicit by Srinivasan and Chakrabarti, it can be shown that the idea 
space should exhibit a tree-structure to ensure that the concept space variety is deterministical. A simple example 
without tree structure proves that this can lead to an order dependent concept space variety, which is illustrated by 
Fig 4 (b). Given are two abstraction levels, action and state change,  with  weights  respectively  7  and  6,  and  
three  concepts,  each  consisting  of  two ideas. 
  
Fig. 4. Example illustrating the dependence of the concept space variety on the ordering 
 
If Concept 1 is picked first, it receives a variety of zero. Secondly picking Concept 2 followed by 
Concept 3, gives a concept variety of 7 and zero respectively. In contrast, secondly picking Concept 3 
followed by Concept 2, results in a concept variety of 6 and 7 respectively. Hence, depending on the order the 
concept space variety equals (0+7+0)/3=2.33 or (0+6+7)/3=4.33. Idea space (a) in Fig 4 illustrates the fact 
that such an idea space cannot be expressed as a tree structure. 
However, under the assumption of a tree structured idea space, it can be argued that the concept space variety 
proposed by Srinivasan and Chakrabarti [13] is similar to the variety in Equation (3) as proposed by Nelson et 
al. [14]. 
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4. Proposed Refinements 
4.1. Level-based variety metric 
Research by Peeters et al. [15] indicates that metrics that report a figure at tree level, do not provide the 
necessary level of detail required to evaluate and compare ideation methodologies. Therefore, a variety 
metric which provides a variety figure per level is proposed. 
Besides allowing for the required level of detail, this refinement does not require an arbitrarily defined set of 
weights, and inherent solves the normalization flaw in Equation (2). It is proposed to define Vmax as the maximum 
obtainable variety with the number of ideas on that level. This modifies (1) to 
 
 where Vkmax is the maximum variety for level k, and bkmax is the maximum number of ideas at level k. 
For concept set (a) in Fig 3, bkmax equals 3 for the physical principle level, and 2 for the working principle level. 
This is graphically illustrated by set (c) in Fig 3. The variety score for the physical level of set (a) would then equal 
10כ(2/3)=6.67 and 10כ(2/2)=10 for the working principle level. Metrics at each abstraction level clearly illustrate 
the exact level at which variety is lost through the grouping of ideas,while this information is lost in a combined 
metric. 
 
Fig. 5. Two tree-encoded idea spaces with different idea distributions 
4.2. Accounting for fairness of distribution 
The variety according by Shah et al. [4] and Nelson et al. [14] both consider the genealogy set (a) and 
(b)  in  Fig  5  to  have  the  same  variety.  Applying  (2)  from  Shah  et  al.  results  in  a  variety  score  of 
((10*2)+(6*6))/6=9.33   for   both   set   (a)   and   (b).   Applying   (3)   from   Nelson   et   al.   results   in (10*(2-
1)+6*((3-1)+(3-1)))/5=6.8 for set (a), and (10*(2-1)+6*((2-1)+(4-1)))/5=6.8 for set (b). The level-based  
metric  refinement  proposed  above  Equation  (5)  in  Section  4.1  results  in  a  variety  score  of 10*(2*10/60)=3.33 
for the physical principle level and 10*(6*10/60)=10 for the working principle level, again for both set (a) and 
(b). 
However, since set (b) focuses more on a specific physical principle, it can be considered less broad then 
set (a), and should exhibit a lower variety compared to set (b). The current variety metrics do not reflect this, as 
they are insensitive to the recoding of the ideas to a different tree branch when this does not imply a change in the 
genealogy structure. In contrast, the existing variety metrics are highly sensitive to small recoding changes 
when also implying a change in the structure of the genealogy tree. As an example, a genealogy tree with 
100 ideas in only one physical principles node will have a lower physical level variety, e.g. 0.1 for Equation (5), 
in comparison to a genealogy tree with 99 ideas for the same node and one idea related to another physical 
principle level idea, e.g. 0.2 for Equation (5). In respect to the goal of the variety metric as an ideation 
effectiveness metric, these results are undesirable as almost all generated concepts are alike and both 
distributions are virtually identical. In fact, it can be argued that, given the uncontrollable and spontaneous 
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nature of idea generation, it is unlikely that designers will generate 100 concepts all related to the same 
physical principle, even if the ideation method aims for this. Hence, a variety metric that is highly sensitive to 
structural genealogy changes and that does not account for the distribution of ideas can be expected to 
overestimate the actual variety of the idea set. It is therefore concluded that a refined variety metric 
gradually accounting for the distribution of concepts over nodes is preferable over the existing variety 
metrics which are only sensitive to changes in the genealogy structure. 
In order to account for the distribution of ideas over nodes on an abstraction level, several measures of the 
statistical dispersion indices and inequality indices can be applied, such as the standard deviation, the Gini 
coefficient and the Theil index. Here, it is proposed to multiply the variety value of each level with the Shannon 
information entropy [16] of that level, being a measure of the disorder on that level. The entropy is calculated 
as 
where Hk is the entropy at level k; nk is the number of nodes at level k; pi is the probability of node  i. 
Multiplying this entropy with the refined variety defined in (5) gives 
 
For set (a) in Fig 5, the entropy of the physical principle level is -((3/6)*log2(3/6)+(3/6)*log2(3/6))=1, and -
(6*((1/6)*log6(1/6)))=1 for the working principle level. This is the maximum obtainable entropy at each level, 
and indicates the variety is the maximum obtainable with the number of nodes at each level. 
For  set  (b),  the  entropy  of  the  physical  principle  level  is  -((2/6)*log2(2/6)+(4/6)*log2(4/6))=0.92, 
while entropy of the working principle level remains 1. This leads to a physical principle variety of 3.33 for set 
(a) in Fig 5, while the physical principle variety for set (b) is lowered to 3.33 * 0.92 = 3.06. The variety of the 
working principle level remains the same for both sets. From this example, it is clear that the  additional 
entropy factor in  (7)  indeed penalizes  the  abstraction  levels  in  which  the  ideas  are  more concentrated in a 
limited number of nodes. 
5. mIDGenes: a Software Tool 
The above refinements to the variety metric were tested on results from a real-life experiment with 
university and college university students in mechanical engineering and industrial design real-life, as well as 
on synthetic examples, such as those provided in this paper. 
However, the efficient development of new metrics, or the fine-tuning of existing metrics, requires more 
encompassing sets of synthetic examples which are evaluated by experts for the different aspects, or metrics, e.g. 
variety or novelty. These synthetic example sets should further be supplemented with real- life idea spaces from 
test studies in order to test their practical applicability. 
In order to facilitate the development and testing of these metrics, a software tool called mIDGenes - 
Measuring IDea GENeration EffectivenesS was developed. MIDGenes is an online tool and framework for 
developing and testing metrics to evaluate generated idea spaces. The tool allows to easily construct and 
visualize idea spaces, and efficiently code new metrics. A reference implementation of the existing variety 
metrics is also provided together with synthetic examples tree-encoded ideas space. 
A screenshot of the interface of the mIDGenes tool is provided by Fig 6. mIDGenes is open-sourced and 
licensed under Apache license v2.0. A more detailed description, source code, a working version and 
documentation can be found via the K.U.Leuven CIB website [17]. 
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Fig. 6. mIDGenes screenshot 
6. Conclusions 
Analysis of the existing variety metrics revealed several shortcomings, such as arbitrary defined weights, 
lack of level-based results, and an incorrect normalization. Based on a variety measure for each abstraction 
level, an analogous normalization which does not exhibit these flaws, is proposed. 
It is furthermore shown that the existing metrics do not measure the fairness of the distribution of ideas over 
nodes on an abstraction level. It is proposed to account for this using the Shannon entropy as a measure of the 
disorder on an abstraction level. The resulting level-based variety metric has the required discriminating 
power, is correctly normalized and accounts for the fairness of the distribution of ideas. 
Finally, an open-source tool, called mIDGenes, is proposed in order to catalyse the development and testing 
of idea generation effectiveness metrics. 
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